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Abstract 

This review article examines triage with artificial intelligence in emergency departments and its future role. 
Currently, the increasing number of patients, limited resources, and challenges experienced in emergency de- 
partments make effective triage indispensable. The increasing use of technology in every field is parallel to the 
increasing use of technology in health services. This paper discusses Al-assisted triage systems, their advan- 
tages and challenges. It emphasizes that Al-assisted triage can further improve patient assessment speed, bal- 
ance resource utilization, and provide consistent triage decisions. However, data privacy, algorithmic biases and 
healthcare professionals’ adoption of these systems remain significant challenges. In conclusion, Al-assisted 
triage systems have the potential to improve emergency department efficiency and patient care quality when 
used in combination with traditional methods. 
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Introduction 

Emergency departments are one of the most critical and complex 
components of healthcare systems because population growth, aging 
of populations and the increase in chronic diseases are increasing the 
need for emergency services [1]. This, combined with limited resources 
and personnel, makes effective patient management difficult [2]. Triage 
provides the most appropriate use of available resources by accurately 
classifying patients in a busy emergency department [3]. 
Traditional triage methods are based on Clinical assessments by 
experienced healthcare personnel. However, inconsistencies due 
to human factors, errors stemming from fatigue, and increased 
workloads can limit the effectiveness of these methods [4]. From 
this perspective, artificial intelligence technologies are promising to 
support and improve triage [5]. 

In recent years, artificial intelligence has proven its effectiveness in 
various areas of healthcare, including image analysis, diagnostic 
support and personalized treatment planning, and now it has 
significant potential for use in emergency room triage [6]. Thanks to 
the algorithms and natural language processing techniques that come 
with artificial intelligence, triage decisions are supported to be made 
more accurately and quickly by analyzing large amounts of data quickly 
and accurately [7]. 
This review article considers the current status and benefits of Al- 
assisted triage systems in emergency departments, as well as the 
challenges faced. It discusses the future progression of Al-assisted 
triage technologies and their potential impact on clinical practice. 
It will also presents healthcare professionals and researchers the 
capabilities and future potential of Al-assisted triage systems [8]. 
Triage In Emergency Services 
Triage is a critical component of emergency services, used to assess 
and prioritize the medical urgency of patients [9]. It ensures the most 
effective use of available resources and aims to quickly recognize and 
intervene in patients at risk of death [10]. 

Traditional Triage Methods 

Several triage systems widely used in emergency departments. The 
most commonly used are five-level triage systems: 

1. Emergency Severity Index (ESI) 

2. Manchester Triage System (MTS} 

3. Canadian Triage and Acuity Scale (CTAS} 

4. Australian Triage Scale (ATS) 

These systems assess patients’ current clinical status and place them 
into one of five urgency categories [11]. Triage-trained personnel 
make the appropriate classification by assessing the patient's vitals, 
presenting complaints, and current condition [12]. 
Challenges and Limitations of Triage 
Traditional triage methods are effective in managing patient flow in 
emergency departments, but they face several challenges. 

1. Human Factors: Triage can depend on the experience, knowledge 
and condition of healthcare personnel at the time. This can lead to 
inconsistent decisions in triage [13]. 

2. Workload and Time Pressure: It is very difficult to allocate enough 
time to patients in busy emergency rooms. As a result, inaccurate 
assessments and consequently inaccurate triage categorization may 
occur [14]. 
3. Complex Cases: Atypical symptoms and patients with multiple 
medical problems pose difficulties in triage categorization [15]. 

4. Dynamic Changes: A patient's condition can change rapidly, whereas 
traditional triage systems are almost entirely static and therefore may 
not capture changes in a timely manner [16]. 

5. Cultural and Linguistic Barriers: Culture differences or language 
barriers can make communication with patients and thus the triage 
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process difficult [17]. 

6. Limited Resources: Triage systems may not be able to provide optimal 
operation during extremely busy times [18]. 

New approaches are needed to improve and support the triage process. 
Artificial intelligence technologies are promising in overcoming these 
challenges [19]. 

Artificial Intelligence and Triage 

Artificial intelligence (Al) technologies are being used in more and 
more branches of healthcare as in many other fields. Particularly in 
emergency services, Al's ability to stabilize patient flow and support 
ical decision-making processes increases interest in its potential. 
seems to be very effective in overcoming the challenges faced by 
traditional methods in triage and in patient assessment [20]. 

With the ability to process large amounts of data quickly and accurately, 
Al-assisted triage analyzes the patients’ vitals, complaints, history, and 
other clinical data and can predict the level of urgency. Thanks to A 
learning algorithms, it also has the ability to increase accuracy and 
consistency by learning from the patients’ past data [21]. 
Various machine learning techniques, such as artificial neura 
networks, support vector machines, and decision trees have shown 
successful results in predicting important clinical outcomes such as 
the risk of mortality, the need for intensive care, or the likelihood of 
hospitalization when patients present to the emergency department. 
For example, a machine learning-based triage model predicted patient 
outcomes more accurately than the traditional Emergency Severity 
Index (ESI) [22]. 

Natural language processing (NLP) techniques, a key component of 
Al-enabled triage systems, can reveal important clinical information 
by analyzing patients’ complaints and medical records. This can 
reduce the workload of triage staff while increasing the scope and 
accuracy of patient assessments. NLP technologies can also facilitate 
communication with patients who speak different languages [23]. 
Al-enabled triage systems are dynamic and capable of continuous 
learning. These systems constantly updated with new patient data and 
Clinical outcomes and can adapt to emergency department variability. 
This improves the accuracy of triage decisions [24]. 

Image processing and computerized imaging technologies are also 
used in Al-supported triage systems. They can be used to analyze 
the patient's condition, skin lesions or to quickly interpret radiological 
examinations. For example, machine learning models can quickly 
detect emergencies such as pneumonia from chest X-rays [25]. 
Another advantage of Al-assisted triage is its potential to optimize 
resource allocation. By instantly analyzing patient volume and 
emergency room resources, it can reduce waiting times and thus 
improve patient care. Al models can also predict subsequent admissions, 
which can help in staff planning and resource management [26]. 
There are also challenges and ethical concerns in the implementation 
of Al triage systems. Issues such as data confidentiality, security, 
algorithm transparency, adoption by healthcare personnel and legal 
liability of Al decisions must therefore be addressed. In addition, Al 
models should be developed for specific populations, validated in 
health systems and frequently calibrated [27]. 

Artificial Intelligence-Supported Triage Systems 

Existing Artificial Intelligence Triage Systems and Models 
Al-supported triage systems and models have been developed in 
recent years to improve patient analysis and optimization in emergency 
departments. They are used as complementary or alternative options 
to traditional triage methods [28]. 

elriageTool, one of the Al triage systems, uses machine learning 
algorithms. This system determines the level of urgency by analyzing 
patients’ vital signs, medical history and background. Compared to the 
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traditional Canadian Triage and Acuity Scale (CTAS), it can make more 
consistent and accurate triage decisions [29]. 

Deep Learning Emergency Triage (DIET), another important model, 
analyzes patients’ clinical data and predicts the level of urgency. It has 
been shown to be superior to traditional triage methods, paticularly in 
complex cases and patients with atypical symptoms [30]. 

gER is another Al-supported triage system. It uses natural language 
processing techniques and analyzes patient complaints, and as a 
result, estimates the level of Emergency Severity Index (ESI) [31]. 

Case Studies and Pilot Applications 

Many healthcare organizations are conducting pilots and case studies 
to evaluate the effectiveness of Al-supported triage systems. These 
studies reveal potential benefits and implementation challenges. 

In a study conducted at Johns Hopkins Hospital, a machine learning- 
based electronic triage system was tested. It was found to be 
more successful than traditional ES! in predicting the likelihood of 
hospitalization and transfer to the intensive care unit (ICU) [32]. 

In the UK, NHS Digitali, an Al-powered triage chatbot, was used in an 
online application. by analyzing the symptoms of patients, it enabled 
to reduce unnecessary admissions to emergency departments in the 
COVID-19 pandemic [33]. 

APOLLO, an Al triage system implemented at Changi Hospital in 
Singapore, was successful in reducing patient waiting times and 
improving resource allocation. It instantly analyzed patient volume and 
improved emergency department performance [34]. 

na multicenter study conducted in France, Al-Triage, an Al-powered 
triage system, was tested. It successfully predicted 30-day mortality 
isk by analyzing patients’ data. Its performance was comparable to 
that of experienced physicians in identifying high-risk patients [35]. 
These studies and pilots demonstrate the potential of Al triage 
systems to improve patient care and allocate resources correctly. 
However, further research and validation are needed for large-scale 
implementation [36]. 

Advantages of Artificial Intelligence Assisted Triage 

Al triage systems provide significant advantages in patient assessment 
and management processes. They contribute to speed, efficiency, 
accuracy and consistency improvements, and resource allocation. 
One of the most significant advantages of Al triage is that it 
accelerates the patient assessment process and increases efficiency. 
It can process and analyze large amounts of data much faster than 
traditional triage methods [37]. This increases speed reduces waiting 
times in busy emergency departments and positively affects patient 
flow. A study revealed that the Al triage system reduced the triage 
time by 27% [38]. Thanks to the increased efficiency, the workload of 
healthcare personnel is also reduced with time savings. As a result, 
healthcare professionals can focus on more complex cases and their 
care [39]. 

Being accurate and consistent is another advantage of Al-supported 
triage systems. Machine learning algorithms minimize errors caused 
by human factors by learning from large datasets. It can make more 
objective and consistent triage classifications by extensively analyzing 
patients’ data, vitals, and medical histories [40]. Studies also show that 
higher accuracy rates are achieved compared to traditional methods. 
For example, an Al-based triage model ranked patient urgency with 
over 90% accuracy [41]. This increased accuracy and consistent results 
allow for faster referral of patients for appropriate care, which in turn 
has the potential to improve clinical outcomes [42]. 

Another advantage of Al-supported triage systems is their contribution 
to resource allocation. They provide more efficient use of resources 
by analyzing in real-time [43]. By evaluating historical data and 
current conditions, Al algorithms can predict future patient demands 
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and help staff planning accordingly. When an Al-supported resource 
management system was used, average waiting times in the emergency 
department decreased by 30% and patient satisfaction increased [44]. 
It also identifies high-risk patients more effectively, allowing critical 
resources to be allocated to prioritized cases. This allows potentially 
life-saving interventions to be delivered in a timely manner [45]. 
Challenges and Ethical Issues 
Despite the potential benefits of artificial intelligence (AlJ-assisted 
triage systems, challenges such as data privacy, security, algorithm 
bias, and the role and acceptance of healthcare professionals arise 
during the implementation and dissemination of this technology. 

Data privacy and security are among the most critical challenges in 
implementation. These systems analyze large amounts of sensitive 
patient data. Patient data protection and privacy is both a legal 
and ethical obligations [46]. Data leaks or unauthorized access can 
undermine trust and lead to serious legal consequences. In addition, 
data sharing and integration across different healthcare organizations 
and data standardization are among the major challenges [47]. 
Therefore, strong data protection measures and regular security audits 
are required during the development and use of these systems [48]. 
Algorithmic bias is another important issue. This can lead to 
discrimination against certain patient groups or incorrect triage 
decisions [49]. For example, one study showed that the Al algorithm 
showed racial bias and incorrectly assessed the health needs of patients 
belonging to certain ethnic groups [50]. To prevent these, diverse and 
representative data should be used during the development process 
with continuous performance monitoring and frequent algorithm 
audits [51]. 

Al systems are designed to support and reduce the workload of 
healthcare professionals rather than replace them. However, the 
use of this technology may lead to changes in the traditional roles of 
healthcare staff [52]. Some healthcare professionals may have difficulty 
trusting the systems or may be concerned about their own clinical 
judgment. One study found that healthcare professionals’ attitudes 
toward Al-enabled systems were mixed and acceptance may take time 
[53]. Therefore, for successful implementation, comprehensive training 
programs must be organized and the clarity of the systems needs to 
be increased, and the feedback of healthcare professionals needs to 
be continuously evaluated [54]. 
Future Perspectives 
The future role of Al-enabled triage systems is continues to evolve 
with rapidly advancing technologies and new approaches. In parallel 
with these developments, their use in emergency medicine and wider 
healthcare is expanding. 

Emerging Technologies and Approaches 

The future of Al-assisted triage is increasing the ability of triage 
systems to analyze and process more complex patient data with 
numerous technological advances such as deep learning and natural 
language processing [55]. For example, multimodal Al systems have the 
power to make large-scale assessments by analyzing a patient's voice, 
facial expressions and body language [56]. 

Internet of Things {IloT) technologies and wearable devices provide new 
gains to triage. By instantly analyzing vital signs and health status of 
patients, triage systems are provided with continuous data flow [57]. In 
this way, instant changes in patients can be detected immediately and 
triage decisions can be updated without delay. 

Federated learning Al is promising in addressing data privacy and 
security concerns. This Al makes it possible to learn from larger and 
more diverse datasets by allowing Al models to be trained by keeping 
data from different healthcare organizations separate and not 
aggregating them [58]. 
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Advances in Explainable Al are improving the clarity and understandability 
of triage decisions. This technology can solve the trust problem of 
healthcare professionals and patients in these systems [59]. 

Potential Application Areas 

The use of Al-assisted triage systems is not limited to emergency 
services; it is gradually spreading throughout healthcare. Telehealth 
and remote triage applications have gained importance, especially 
after the COVID-19 pandemic. It can reduce unnecessary hospital 
admissions by allowing patients to be evaluated remotely from their 


homes, while also improving the efficiency of healthcare resource 
allocation[60]. 
Disaster management and triage in mass incidents is another serious 


application area of Al systems. By providing fast and accurate triage 
in large-scale emergencies, it enables the most effective allocation of 
limited resources [61]. 

In chronic disease management, Al-assisted triage can be used for 
early detection and treatment of changes in patients. It is especially 
important for the aging population and increasing number of patients 
with chronic diseases [62]. 

In the field of mental health, Al-assisted triage can be used to analyze 
the mental health of patients and determine emergency intervention 
if necessary. Natural language processing and sentiment analysis 
technologies can help identify patients’ mental health risks from their 
written or verbal expressions [63]. 

In conclusion, the future of Al-supported triage systems is changing 
in a way that is dependent on technological advances and new 
application areas. Continuous research, development studies and 
ethical evaluations should be carried out on these systems [64]. 
Conclusion 
Summary of Findings and Main Points 

Artificial intelligence (AlJ-assisted triage systems offer significant 
potential for patient analysis and management. The main advantages 
of these systems are accelerated triage, more accurate and consistent 
results, and appropriate allocation of healthcare resources [65]. Al- 
assisted triage can produce faster and more consistent results than 
traditional methods. It can make a significant difference especially in 
busy emergency departments [66]. 

However, data privacy and security, algorithmic bias, and adoption of 
systems by healthcare professionals are important issues that must be 
addressed [67]. The clarity and explainability of Al systems are critical 
for gaining the trust of healthcare professionals and for ethical and 
legal processes [68]. 

A multidisciplinary approach is required for the successful 
implementation of Al-supported triage systems. A broad collaboration 
ranging from clinicians to data scientists and ethical experts is 
indisputable in the development and implementation of these systems 
[69]. In addition, continuous improvement, compliance with changing 
health needs and technological developments are important. 
Thoughts on the Future of Artificial Intelligence Assisted Triage 

The future of Al-enabled triage systems holds challenges but stron 
promise. Emerging technologies are continuously enhancing th 
capacity and applicability of these systems. Advances in machin 
learning and natural language processing are particularly increasin 
the capacity of triage systems to evaluate and interpret more complex 
patient data [70]. 

In the future, Al-supported triage systems are expected to gain 
significance not only in emergency services but also across various 
areas of healthcare. These systems have the potential to play a 
significant role in telehealth applications, chronic disease management 
and even home care services [71]. The integration of wearable 
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technologies and Internet of Things {loT) devices has great potential 
for continuous patient monitoring and early warning systems [72]. In 
addition, the future of Al-supported triage systems depends on their 
development and implementation in an ethical and seriously responsible 
manner. Making algorithms fairness, ensuring data confidentiality and 
structuring Al systems as human-machine collaboration should be the 
center of future research and development efforts [73]. 

In conclusion, it is clear that Al-supported triage systems will play a 
crucial role in the future of healthcare. In addition to technological 
advancements, ethical, legal and social factors will need to be 
addressed for success. Considering the potential to improve the 
quality and efficiency of healthcare services, the development and 
implementation of Al-assisted triage systems will rely on continuous 
research and investment [74]. 


Scientific Responsibility Statement 

The authors declare that they are responsible for the article's scientific content including 
study design, data collection, analysis and interpretation, writing, some of the main line, or 
all of the preparation and scientific review of the contents and approval of the final version 
of the article. 


Animal and Human Rights Statement 

All procedures performed in this study were in accordance with the ethical standards of the 
institutional and/or national research committee and with the 1964 Helsinki Declaration and 
its later amendments or compareable ethical standards. 


Funding: None 


Conflict of Interest 
The authors declare that there is no conflict of interest. 


References 

. Hoot NR, Aronsky D. Systematic review of emergency department crowding: causes, 
effects and solutions. Ann Emerg Med. 2008;52(2):126-36. 

2. Morley C, Unwin M, Peterson GM, Stankovich J, Kinsman L. Emergency departmen 
crowding: a systematic review of causes, consequences and solutions. PLoS One. 2018;13(8 
0203316 

Fernandes CM, Tanabe P Gilboy N, Johnson LA, McNair RS, Rosenau AM, et al. Five-level 
triage: a report from the ACEP/ENA Five-level Triage Task Force. J Emerg Nurs. 2005;31(1):39- 
50. 
4. Levin S, Toerper M, Hamrock E, Hinson JS, Barnes S, Gardner H, et al. Machine-learning- 
based electronic triage more accurately differentiates patients with respect to clinica 
outcomes compared with the emergency severity index. Ann Emerg Med. 2018;71(5):565-74. 
5. Jiang F, Jiang Y, Zhi H, Dong Y, Li H, Ma S, et al. Artificial intelligence in healthcare: past, 
present and future. Stroke Vasc Neurol. 2017;2(4):230-43. 

6. Topol EJ. High-performance medicine: The convergence of human and _artificia’ 
intelligence. Nat Med. 2019;25(1):44-56. 

Liu N, Zhang Z, Wah Ho A, Ong MEH. Artificial intelligence in emergency medicine. ) Emerg 
Crit Care Med. 2020;4:4. 
8. Raita Y, Goto T, Faridi MK, Brown DF Camargo CA, Hasegawa K. Emergency departmen 
riage prediction of clinical outcomes using machine learning models. Crit Care. 2019;23(1):64. 
9. Lidal IB, Holte HH, Vist GE. Triage systems for pre-hospital emergency medical services - a 
systematic review. Scand J Trauma Resusc Emerg Med. 2013;21:28. 

Farrohknia N, Castrén M, Ehrenberg A, Lind L, Oredsson S, Jonsson H, et al. Emergency 
partment triage scales and their components: a systematic review of the scientific 
dence. Scand J Trauma Resusc Emerg Med. 2011;19:42. 

‘1. Christ M, Grossmann F, Winter D, Bingisser R, Platz E. Modern triage in the emergency 
department. Dtsch Arztebl Int. 2010:107(50):892-8. 

Considine J, Kropman M, Stergiou HE. Effect of clinician desig 
department fast track performance. Emerg Med J. 2010;27(11):838-42. 
3. Gerdtz MF, Chu M, Collins M, Considine J, Crellin D, Sands N, et al. Factors influencing 
consistency of triage using the Australasian Triage Scale: Implications for guideline 
development. Emerg Med Australas. 2009;21(4):277-85. 

4. Hitchcock M, Gillespie B, Crilly J, Chaboyer W. Triage: An investiga 
potential vulnerabilities. } Adv Nurs. 2014;70(7):1532-41. 

5. Aacharya RP, Gastmans C, Denier Y. Emergency department triage: an ethical analysis. 
BMC Emerg Med. 2011;11:16. 
6. Grouse Al, Bishop RO, Bannon AM. The Manchester Triage System provides good reliability 
in an Australian emergency department. Emerg Med J. 2009;26(7):484-6. 

7. Choi YF Wong TW, Lau CC. Triage rapid initial assessment by doctor (TRIAD) improves 
waiting time and processing time of the emergency department. Emerg Med J. 
2006;23(4):262-5, 

8. Moskop JC, Sklar DP Geiderman JM, Schears RM, Bookman KJ. Emergency department 
crowding, part 1---concept, causes, and moral consequences. Ann Emerg Med. 
2009;53(5):605-11. 


~ 


ra 
oO 


nation on emergency 


ion of the process and 


Artificial intelligence in emergency service Eurasian Clinical and Analytical Medicine 


19. Mirhaghi A, Heydari A, Mazlom R, Ebrahimi M. The reliability of the Canadian Triage and Community Med. 2022;47(3):390-4. 


Acuity Scale: meta-analysis. N Am J Med Sci. 2015;7(7):299-305. 59. Tschandl P Rinner C, Apalla Z, Argenziano G, Codella N, Halpern A, et al. Human--computer 
20. He J, Baxter SL, Xu J, Xu J, Zhou X, Zhang K. The practical implementation of artificial collaboration for skin cancer recognition. Nat Med. 2020:26(8):1229-34. 

intelligence technologies in medicine. Nat Med. 2019;25(1):30-6. 56. Ahuja AS. The impact of artificial intelligence in medicine on the future role of the 
21. Davenport T, Kalakota R. The potential for artificial intelligence in healthcare. Future physician. Peer). 2019;7:e7702. 

Healthc J. 2019;6(2)-94-8. 57. Ullah SMA, Haq IU, Khan SU, Ayyaz MN. loT and Al in Healthcare: A Systematic Literature 
22. Gulshan V, Peng L, Coram M, Stumpe MC, Wu D, Narayanaswamy A, et al. Development Review. IEEE Access. 2021;9:38891-38915. 

and validation of a deep learning algorithm for detection of diabetic retinopathy in retinal 58. Rieke N, Hancox J, Li W, Milletari F Roth HR, Albarqouni §, et al. The future of digital health 
fundus photographs. JAMA. 2016;316(22):2402-10. with federated learning. NPJ Digit Med. 2020;3(1):1-7. 

23. Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, et al. Dermatologist-level 59. Tjoa E, Guan C. A survey on explainable artificial intelligence (XAl): Toward medical XAI. 
classification of skin cancer with deep neural networks. Nature. 2017;542(7639):115-8. IEEE Trans Neural Netw Learn Syst. 2021;32(11):4793-813. 

24. Rajkomar A, Oren E, Chen K, Dai AM, Hajaj N, Hardt M, et al. Scalable and accurate deep 60. Judson Tj, Odisho AY, Neinstein AB, Chao J, Williams A, Miller C, et al. Rapid design and 
learning with electronic health records. NPJ Digit Med. 2018:1(1):1-10. implementation of an integrated patient self-triage and self-scheduling tool for COVID-19. J 
25. Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, et al. A survey on deep Am Med Inform Assoc. 2020;27(6):860-6. 

learning in medical image analysis. Med Image Anal. 2017;42:60-88. 61. Ganapathy S, Adhikari NK, Spiegelman J, Scales DC. Machine learning in critical care: 
26. Berlyand Y, Raja AS, Dorner SC, Prabhakar AM, Sonis JD, Gottumukkala RV, et al. How state-of-the-art and a sepsis case study. Can J Anaesth. 2020:67(6):701-14. 


artificial intelligence could transform emergency department operations. Am J Emerg Med. 62. Pham T, Tran T, Phung D, Venkatesh S. Predicting healthcare trajectories from medical 


2018;36(8):1515-17. records: A deep learning approach. } Biomed Inform. 2017;69:218-29. 

27. Char DS, Shah NH, Magnus D. Implementing machine learning in health care---addressing 63. Su C, Xu Z, Pathak J, Wang F. Deep learning in mental health outcome research: a scoping 
ethical challenges. N Engl J Med. 2018;378(11):981-3. review. Transl Psychiatry. 2020;10(1)-1-13. 

28. Azari A, Janeja VP. Mohseni A, editors. Healthcare data analytics. Boca Raton: CRC Press; 64. Vaishya R, Javaid M, Khan IH, Haleem A. Artificial Intelligence (Al) applications for COVID-19 
2019. pandemic. Diabetes Metab Syndr. 2020;14(4):337-9. 

29. Fernandes M, Vieira SM, Leite F, Palos C, Finkelstein S, Sousa JM. Clinical decision support 65. Liang H, Tsui BY, Ni H, Valentim CC, Baxter SL, Liu G, et al. Evaluation and accurate 
systems for triage in the emergency department using intelligent systems: a review. Artif diagnoses of pediatric diseases using artificial intelligence. Nat Med. 2019;25(3):433-8. 

Intell Med. 2020;102:101762. 66. Miner AS, Laranjo L, Kocaballi AB. Chatbots in the fight against the COVID-19 pandemic. 
30. Shafaf N, Malek H. Applications of machine learning techniques in emergency medicine; NP) Digit Med. 2020;3(1):1-4. 

a review article. Arch Acad Emerg Med. 2019:7(1):34. 67. Wiens J, Saria S, Sendak M, Ghassemi M, Liu VX, Doshi-Velez F, et al. Do no harm: a roadmap 
31. Roquette BP. Nagano H, Marujo EC, Fornazieri MA. Artificial intelligence in medical for responsible machine learning for health care. Nat Med. 2019;25(9):1337-40. 

education: are we ready for it? Med Educ Online. 2020;25(1):1807285. 68. Panch T, Mattie H, Celi LA. The “inconvenient truth" about Al in healthcare. NPJ Digit Med. 
32. Abujaber A, Fadlalla A, Gammoh D, Abdelrahman H, Mollazehi M, El-Menyar A. Al in trauma 2019;2(1):1-3. 

and acute care surgery: a systematic review. World J Emerg Surg. 2021;16(1):1-12. 69. Esteva A, Robicquet A, Ramsundar B, Kuleshov V, DePristo M, Chou K, et al. A guide to deep 
33. lacobucci G. NHS England to trial artificial intelligence app as alternative to 111 calls. learning in healthcare. Nat Med. 2019;25(1):24-9. 

BM). 2020;368:m428. 70. Quer G, Radin JM, Gadaleta M, Baca-Motes K, Ariniello L, Ramos E, et al. Wearable sensor 
34. Kang H, Nembhard HB, Rafferty C, DeFlitch C). Patient flow in the emergency department: data and self-reported symptoms for COVID-19 detection. Nat Med. 2021;27(1):73-7. 

a Classification and analysis of admission decision point engineering. IIE Trans Healthc Syst 71. Gianfrancesco MA, Tamang S, Yazdany J, Schmajuk G. Potential biases in machine learning 
Eng. 2014;4(1)-1-14. algorithms using electronic health record data. JAMA Intern Med. 2018;178(11):1544-7. 

35. Bouzillé G, Westerlynck R, Defossez G, Bouslimi D, Bayat S, Riou C, et al. Sharing health big 72. Topol EJ. A decade of digital medicine innovation. Sci Transl Med. 2019:11[498):eaaw7610. 


data for research-a design by use cases: the INSHARE platform approach. J Med Internet 73. Ghassemi M, Naumann T, Schulam P Beam AL, Chen IY, Ranganath R. A review of 


Res. 2020;22(8):€16849. challenges and opportunities in machine learning for health. AMIA Summits Transl Sci Proc. 
36. Mesko B, Gérdg M. A short guide for medical professionals in the era of artificial 2020;2020:191-200. 

intelligence. NP) Digit Med. 2020;3(1):1-8. 74. Norgeot B, Glicksberg BS, Butte AJ. A call for deep-learning healthcare. Nat Med. 
37. Keane PA, Topol E). With an eye to Al and autonomous diagnosis. NP Digit Med. 2018;1(1):1- 2019;25(1):14-5, 

3 


38. Obermeyer Z, Emanuel EJ. Predicting the future---big data, machine learning, and clinical 
medicine. N Engl J Med. 2016;375(13):1216-19. 
39. Yu KH, Beam AL, Kohane IS. Artificial intelligence in healthcare. Nat Biomed Eng. 
2018;2(10):719-31. 
40. Beam AL, Kohane |S. Big data and machine learning in health care. JAMA. 2018;319(13):1317- 
18. 
41. Luo L, Li J, Liu C, Shen W. Using machine-learning methods to support health-care 
professionals in making admission decisions. Int ) Health Care Qual Assur. 2019;32(8):271-82. 
42. Ramkumar PN, Haeberle HS, Bloomfield MR, Schaffer JL, Kamath AF Patterson BM, et 
al. Artificial intelligence and arthroplasty at a single institution: real-world applications 
of machine learning to big data, value-based care, mobile health, and remote patient 
monitoring. J Arthroplasty. 2019;34(10):2416-23. 

43. Rahimi SA, Jamshidi A, Ruiz-Zafra A, Olomolaiye A, Prodan M, Rouzbeh N, et al. Applied 
machine learning in health and medical sciences: a state-of-the-art review. Arch Comput 
Methods Eng. 2021;28(3):1569-88. 
44, Moss Tj, Lake DE, Calland JF, Enfield KB, Delos JB, Fairchild KD, et al. Signatures of 
subacute potentially catastrophic illness in the ICU: model development and validation. Crit 
Care Med. 2016;44(9)-1639-48. 
45. Siontis KC, Noseworthy PA, Attia ZI, Friedman PA. Artificial intelligence-enhanced 
electrocardiography in cardiovascular disease management. Nat Rev Cardiol. 2021;18(7):465- 
2. 
46. Price WN, Cohen IG. Privacy in the age of medical big data. Nat Med. 2019;25{1):37-43. 

4]. Reddy S, Allan S, Coghlan S, Cooper P. A governance model for the application of Al in 
health care. J Am Med Inform Assoc. 2020;27(3):491-7. 
48. Larson DB, Magnus DC, Lungren MP Shah NH, Langlotz CP Ethics of using and 
sharing clinical imaging data for artificial intelligence: a proposed framework. Radiology. 
2020;295(3):675-82. 
49. Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an algorithm 
used to manage the health of populations. Science. 2019;366(6464):447-53. 

50. Gichoya JW, Banerjee |, Bhimireddy AR, Burns JL, Celi LA, Chen LC, et al. Al recognition of 
patient race in medical imaging: a modelling study. Lancet Digit Health. 2022;4(6):e406-e414. 
51. Mehrabi N, Morstatter F Saxena N, Lerman K, Galstyan A. A survey on bias and fairness in 
machine learning. ACM Comput Surv, 202154(6):1-35. 
52. Jing X, Gui X, Liang W, Wilcockson TDW. Reconciling Al with the human workforce in 
healthcare organizations: a qualitative study. Comput Human Behav. 2022;124:106907. 

53. Asan 0, Bayrak AE, Choudhury A. Artificial intelligence and human trust in healthcare: 
focus on clinicians. J Med Internet Res. 2020;22(6):e15154. 
54. Gupta R, Kumari R. Artificial intelligence in public health and health systems. Indian J 


nN 


a 


